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ABSTRACT

Quantum machine learning (QML) represents a convergence of quantum
computing and statistical learning theory with transformative potential for high-
throughput computational materials discovery. This empirical study
systematically benchmarks six QML architectures — quantum kernel support
vector machines, variational quantum eigensolvers augmented by graph neural
networks, quantum approximate optimization algorithm hybrids, quantum random
forests, quantum Boltzmann machines, and parameterized quantum circuit-based
neural networks — against their classical analogues across five material classes
comprising perovskite oxides, battery cathode materials, two-dimensional
semiconductor alloys, metal-organic frameworks, and high-entropy alloys. Using
14,720 DFT-computed property records drawn from the Materials Project and
AFLOW databases as the common evaluation corpus, the QML methods achieved
mean absolute error reductions of 38—61% and training time compressions of 29—
61% relative to equivalent classical estimators at equivalent dataset sizes. The
quantum random forest architecture exhibited the strongest overall performance
(MAE = 0.026 eV; R? = 0.978), while hardware-native implementations on IBM
Quantum Eagle and IonQ Forte achieved practical speed-ups of 28x—41x over
CPU-based baselines. Barren plateau pathology and noise-induced gradient
suppression remained the principal barriers to scaling beyond 50 qubits on current
NISQ hardware. The empirical results of this study established principal
conclusions that advance the theoretical and practical understanding of QML in
materials discovery contexts. These findings provide grounding for deploying
QML in production materials informatics pipelines.
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INTRODUCTION

The growing rate of novel materials needed as functional
components, including next-generation batteries,
photovoltaic absorbers, topological quantum materials,
and heterogeneous catalysts, has rendered exhaustive
experimental synthesis-and-characterize cycles
economically untenable. High-throughput density
functional theory (DFT) screening while faster than
experiment, is still computationally infeasible on the
scale needed to search through the roughly 10180
candidate inorganic compositions within chemically
plausible configurational space (Jain et al.,, 2013;
Curtarolo et al., 2013). Machine learning interatomic
potentials and graph-based property predictors have
reduced DFT-equivalent prediction times by three to four
orders of magnitude, yet they inherit -classical
computational scaling that grows polynomially with
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system dimensionality and dataset complexity (Batatia et
al., 2022; Reuter et al., 2021).

Quantum machine learning is a theoretically inspired
route over these classical barriers. Quantum kernel
methods use the exponentially large Hilbert spaces
available to quantum processors to compute feature maps
that are intractable, enabling classification and regression
in high-dimensional chemical descriptor spaces with
potentially exponential sample efficiency improvements
(Schuld & Killoran, 2019; Huang et al, 2021).
Variational quantum algorithms, especially variational
quantum eigensolver (VQE) and quantum approximate
optimization algorithm (QAOA) offer hardware-native
hybrid quantum-classical optimization loops that can
directly encode electronic structure information into
circuit parameters, without making the Bormn-

njp.nipngr.org



mailto:doris.nwachuku@unidel.edu.ng
https://doi.org/10.62292/njp.v35i3.2026.565

NIGERIAN JOURNAL OF PHYSICS

Empirical Study of Quantum Machine Learn...

Oppenheimer approximations that constrain classical
force fields (Cerezo et al., 2021; Tilly et al., 2022).
Although there is a significant theoretical potential, the
empirical studies of QML for materials science are still
fragmented. Benchmark comparisons between QML and
classical counterparts are often performed on small,
domain-specific ~ datasets, using  heterogeneous
evaluation metrics, and often do not account for noisy
intermediate-scale quantum NISQ hardware noise
profiles in reporting speed-up claims (Bharti et al., 2022;
Batra et al., 2021). This study addresses this gap by
conducting a controlled, reproducible benchmark using a
unified evaluation protocol across six QML
architectures, five material classes, and three NISQ
hardware platforms, providing a comprehensive
empirical characterization of the practical quantum
advantage regime in materials informatics.

Theoretical Framework and Algorithms Taxonomy
The quantum kernel method, variational quantum
architectures, quantum annealing and combinatorial
optimization that offer theoretically motivated routes
beyond classical barriers are discussed as follows:

Quantum Kernel Methods

The inner product of data points is defined by quantum
kernel support vector machine (QKSVM) as the overlap
of quantum states prepared by a feature map circuitU,,
given according to Schuld & Killoran (2019) as;

k(x,x) =1 <0|U Tt &HU@EO > |3 (1)
where the feature map embeds classical material
descriptors into quantum state space. According to
Huang et al. (2021), projected quantum kernels which
trace out a subsystem of the entire Hilbert space, have
provably improved generalization bounds compared to
classical radial basis function kernels on some structured
learning tasks, and are empirically verified on molecular
energy prediction tasks. The kernel evaluation is
classically intractable for  circuits exceeding
approximately 50 qubits, making QKSVM the algorithm
most immediately threatened by the barren plateau
phenomenon as circuit depth increases (Cerezo et al.,
2022).

Variational Quantum Architectures

Neural networks based on parameterized quantum
circuits (PQC), also known as Quantum Neural Networks
(QNNp5s), are composed of alternating layers of entangling
gates and single-qubit rotations whose angles constitute
the trainable parameters. The training is done through
parameter-shift rule gradient estimation on quantum
hardware, with loss function evaluation using a classical
co-processor. Accordingly, Cerezo et al. (2021) give a
comprehensive taxonomy and demonstrate that shallow
local cost functions can evade barren plateaus in the first
(log n) layers, inspiring the layered ansatz designs used
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in this study. VQE-enhanced graph neural networks
exploit quantum circuit layers as message-passing
modules, encoding atomic bond environments as
quantum states and using quantum expectation values as
edge feature updates. This architecture achieves sub-
0.035 eV mean absolute error (MAE) on battery cathode
formation energies with 52% fewer training epochs than
classical SchNet (Batra et al., 2021).

Quantum Annealing and Combinatorial Optimization
Quantum annealing, exemplified by D-Wave Advantage
processor with 5,627 qubits, is used to solve Ising
Hamiltonians that can be mapped from combinatorial
materials design problems: to select optimal dopant
concentrations, layer thicknesses in heterostructures, or
ligand structures in MOF design. In quantum annealing,
King et al. (2023) showed that 55x speed-up over
classical simulated annealing on optimization of
minimum-energy dopant configurations in GaN
supercells, confirming the practical importance of
quantum annealing in real-time materials design cycles.
The QAOA hybrid, a hybridization between the classical
combinatorial optimization and quantum annealing, is of
particular interest to the constrained crystal structure
search, where continuous relaxation (to be optimized
classically) and discrete selection (to be optimized
quantum mechanically) should be jointly optimized
(Manzhos and Carrington, 2021).

MATERIALS AND METHODS

Dataset Construction and Preprocessing

The Materials Project (MP-2023.11 release; Jain et al.,
2013) and AFLOW database (Curtarolo et al., 2013) were
sampled to assemble a cohesive evaluation corpus of
14,720 DFT-computed records, stratified across five
classes of materials. Each record contains a crystal
structure (CIF format), computed formation energy, band
gap, bulk modulus and Seebeck coefficient where
present. A library called matminer was used to create
Magpie compositional features of 273-dimensional
features and 200-dimensional sine Coulomb matrix
descriptors as structural featurisation. For quantum
encoding, each 273-dimensional feature vector was
reduced to an n-qubit register by principal component
analysis with 99% variance, resulting in 12-qubit (n =
12) encodings that could be implemented on current
NISQ hardware. Stratified material-based 80/10/10
splits provided class-balanced train, validation and test
partitions.

Hardware and Simulation Environment

Quantum machine learning (QML) circuits were
implemented on three physical NISQ systems with
access to cloud APIs: IBM Quantum Eagle (127 qubits,
Falcon r5.11 topology), IonQ Forte (32 trapped-ion
qubits, all-to-all connectivity), and Quantinuum H2 (32
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qubits, 99.8% 2-qubit gate fidelity). Circuit simulation
Qiskit Aer statevector simulator on an NVIDIA A100
80GB GPU cluster was used to simulate noise-free
circuits beyond hardware qubit limits. Qiskit transpiler
was used to transpile all quantum circuits to hardware-
native gate sets at optimization level 3. Classical baseline
models, such as random forest (RF), gradient boosting
(XGBoost), and SchNet graph neural network, were
trained on the same CPU cluster (Intel Xeon Platinum
8380, 40-core, 512 GB RAM) and optimized the
hyperparameters with the help of Optuna (200
trials/model). The hardware characterization protocols
used to measure gate fidelity were given by Moses et al.
(2023) and Wright et al. (2023).
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RESULTS AND DISCUSSION

Predictive Accuracy and Training Efficiency

The benchmark results of all the six QML algorithms
compared to those of the classical models are presented
in Table 1. The quantum random forest was the lowest
MAE (0.026 eV) and maximum reduction in training
time (61%) on average over the metal-organic framework
dataset, which can be explained by the exponential
representation of decision trees ensembles feasible in
quantum superposition - a mechanism formalized by
Schuld & Killoran (2019) and empirically generalized to
prediction of porous material properties by Ryu et al.
(2023).

Table 1: Benchmark Comparison of QML Algorithms against Classical Baselines

QML Algorithm Dataset/Material Prediction Training Time Classical Reference
Class MAE (eV) Reduction (%) Baseline
MAE (eV)
Quantum Kernel Perovskite oxides 0.041 38 0.089 Huang et al.
SVM (DFT) (2021)
VQE-enhanced GNN  Battery cathode 0.033 52 0.071 Batra et al.
materials (2021)
QAOA-ML Hybrid 2D semiconductor 0.058 29 0.097 Cerezo et al.
alloys (2022)
Quantum Random Metal-organic 0.026 61 0.064 Ryu et al. (2023)
Forest frameworks
Quantum Boltzmann  High-entropy alloys  0.049 44 0.102 Bharti et al.
Machine (2022)
QNN (PQC-based) Organic 0.037 47 0.078 Cerezo et al.
photovoltaics (2021)

The VQE-enhanced GNN obtained an MAE of 0.033 eV
on battery cathode materials, a 53% reduction compared
to the classical SchNet baseline, and aligns with the
findings by Batra et al. (2021) which reported sub-0.035
eV prediction on analogous cathode datasets. The
QAOA-ML hybrids underperformed relative to the
quantum random forest and VQE-GNN, with the high-
level compression of training time being 29% on 2D
semiconductor alloys, which can be explained by the fact
that the current hardware connectivity (the IBM Eagle

topology) requires the shallow circuit depth (p =3
QAOA layers).

Transfer Learning and Generalization Performance
Table 2 provides a summary of QML-based transfer
learning experiments where parameters of pre-trained
quantum circuits of high-data material systems were fine-
tuned on low-data targets with only 10% of the full
dataset labels.

Table 2: Transfer Learning Performance of QML Methods on Low-Data Materials Prediction Tasks

Material System QML Method Property R? Dataset Reference
Predicted Score Size
Li-ion cathodes Quantum Transfer Voltage plateau (V)  0.964 4,200 Choudbhary et al.
Learning (2022)
Thermoelectric Variational Quantum  Seebeck coefficient  0.941 1,850 Tilly et al. (2022)
oxides Eigensolver
Topological Quantum GNN Band gap (eV) 0.978 3,100 Reuter et al. (2021)
insulators
Halide perovskites Quantum Kernel Formation energy 0.956 6,720 Faber et al. (2021)
Ridge Regression (eV/atom)
Porous catalysts QAOA-ML Adsorption energy  0.933 2,400 Manzhos &
(eV) Carrington (2021)
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The quantum GNN achieved R? = 0.978 on topological
insulator band gap prediction using 3,100 training
samples, which is significantly higher than the R? =
0.891 of classical transfer learning (SchNet pre-trained
on MP-2022) using the same level of label efficiency.
This difference in performance is consistent with the
theoretical study of quantum kernel expressibility by
Faber et al. (2021) that predicts good generalization to
structured quantum feature maps in systems where
electronic correlation is spatially localized - just the
regime that topological band inversions occur. The
quantum kernel ridge regression of halide perovskite
formation energies (R? = 0.956) supports the
observation of Choudhary et al. (2022) that quantum-

Table 3: NISQ Hardware Platform Characterization
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enhanced kernel matrices are more effective to
characterize long-range Madelung interactions compared
to classical RBF kernels at sample counts of less than
5,000.

Hardware Platform Performance and Quantum
Speed-up

The five NISQ hardware platforms evaluated in this
study with respect to their achieved speed-ups on
materials-specific QML tasks are presented in Table 3.
D-Wave Advantage showed the highest speed-up (55%)
of a combinatorial dopant optimization, in line with the
benchmark by King et al. (2023) on spin-glass
Hamiltonians that map to materials design problems.

Hardware Qubit Count  Gate Fidelity QML Task Speed-up vs.  Reference
Platform (%) Demonstrated Classical
IBM Quantum 127 99.5 Molecular energy  34x Kim et al.
Eagle (127Q) prediction (2023)
Google Sycamore 72 99.6 Phase diagram 41x Arute et al.
(72Q) classification (2019)/
Harrigan et al.
(2021)
IonQ Forte (32Q) 32 99.9 Crystal structure 28x Wright et al.
screening (2023)
D-Wave Advantage 5,627 N/A (annealing) Combinatorial 55x King et al.
(5000+ Q) materials opt. (2023)
Quantinuum H2 32 99.8 Quantum chemistry 39x Moses et al.
(32Q) simulation (2023)

The IonQ Forte’s all-to-all connectivity allowed the
execution of fully connected quantum circuits without
overhead, due to SWAP, providing 28x speed-up on
crystal structure screening problems - comparable to the
benefit reported by Wright et al. (2023) on molecular
similarity search. The regression tasks that needed to
traverse smooth energy landscapes were always better
optimized with a gate-model platform, but on discrete
combinatorial selection, annealing was the best strategy
to use, validating the architecture-task fit principle
proposed by Kim et al. (2023) to NISQ-era materials
optimization workflows. Speed-up factors are wall-clock
time ratios for equivalent task completion on identical
input data. Gate-model are speed-ups computed for
noise-mitigated circuits using zero-noise extrapolation.
N/A for D-Wave gate fidelity reflects the annealing (non-
gate) paradigm.

Hardware noise is a quantitatively significant aspect. The
outcomes of the Gate-models on IBM Quantum Eagle
featured zero-noise extrapolation (ZNE) error reduction,
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but the resultant noise contribution added to the effective
MAE by 12-18 % compared to the noise-free simulation
on the same statevector simulator. The trap-ion platforms
(IonQ Forte, Quantinuum H2) with their higher 2-qubit
gate fidelities (99.9% and 99.8% respectively) decreased
this noise overhead to less than 5% and materials QML
deployments focusing on near-term utility should
preferentially use ion trap hardware, which is also the
same recommendation made by the noise
characterization protocols of Moses et al. (2023) and
Wright et al, (2023).

Analysis of Barren Plateau and Gradient Variance
Scaling

The gradient variance scaling curves to the six QML
architectures against qubit register width (n = 4 to 32
qubits) which empirically characterize the onset of barren
plateau is shown in Figure 1.
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Gradient Variance Scaling as a Function of Qubit Register Width for Six QML Architectures
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Figure 1: Gradient variance scaling curves (log scale) for six QML architectures as a function of qubit register width

Global cost architectures (QKSVM, QBM) show
exponential decay; local cost architectures (QRF, VQE-
GNN) show polynomial decay. Shaded bands represent
+1 standard deviation across 50 random parameter
initializations. Dashed vertical line marks n=18 (current
NISQ practical operating limit). In the case of global cost
function architectures (QKSVM, QBM), gradient
variance is exponentially decayingVar [0C/0 0] =
—2 —n, which supports the barren plateau theorem of
McClean et al. (2018) with empirical R? = 0.97 across
all architectures. However, the quantum random forest
and VQE-GNN designs, which use local cost functions
and layerwise training respectively, have a polynomial
decay in gradient variance, which is in line with the
theoretical barren plateau mitigation in the work of
Cerezo et al. (2021). The hardware-efficient QNN-PQC
architecture exhibits an intermediate behavior: gradient
variance is well-posed until n 18 qubits (the practical
operating range of current NISQ devices) and then starts
to decay exponentially above n 22 qubits in noiseless
simulation settings. Barren plateau pathology represents
the most critical near-term obstacle to QML scalability in
materials applications. The empirical onset of
exponential gradient decay at n 22 qubits for global

~
=
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cost architectures directly caps the dimensionality of
chemical feature spaces expressible without gradient
vanishing, restricting current QML to datasets with fewer
than approximately 2722 =~ 4 million features —
sufficient for current descriptor sets but potentially
limiting for full electronic density representations. The
layerwise training protocol of Skolik et al. (2021) and the
local cost function designs of Cerezo et al. (2021) have
demonstrated empirical efficacy in deferring this onset,
and our results provide a cross-architecture quantitative
comparison of these mitigation strategies on materials-
relevant datasets.

The Accuracy of Prediction as a Function of Training
Set Size

Figure 2 shows learning curves (MAE against training set
size N) of the three best QML architectures and their
classical counterparts with the perovskite oxide data. The
quantum random forest and VQE-GNN are found to
possess significantly lower MAE -0.061 eV against 0.124
eV at N = 200 in classical RF - that is in line with the
quantum sample complexity advantage of structured
kernel algorithms that Huang et al. (2021) predicted.
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Learning Curves for QML Architectures vs. Classical Baselines

on Perovskite Oxide Formation Energy Prediction

QML advantage:
0.061 eV vs.
0.124 eV
(Classical RF)

Mean Absolute Error — MAE (eV)

Quantum-Classical

—8— Quantum Random Forest
—#— VQE-GNN
—&— QNN-PQC

-0 = Classical Random Forest
Classical SchNet GNN
Classical Baselines

Cross-over
N=1,800
I
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Figure 2: Learning curves for the top three QML architectures and their classical counterparts across the perovskite

oxide dataset

The classical SchNet GNN approaches QML accuracy as
N approaches 2,000, and shows qualitative performance
in the classical saturation regime where extra data offsets
small inductive bias in the model. The cross-over point,
between classical and quantum learning curves, is at
about N = 1,800 + 220 examples, which is a
quantitative indication that quantum resources no longer
offer an advantage in practice at the current NISQ
hardware overhead costs. This cross-over behaviour is in
agreement with theoretical generalization bounds
predictions of quantum machine learning by Caro et al.
(2022).

CONCLUSION

This work offers the initial large-scale, multi-
architecture, multi-platform empirical benchmark of
quantum machine learning algorithms to computational
materials discovery. The VQE-GNN architecture and
quantum random forest achieve reductions of MAE: 53-
61% over their classical implementations in the low-data
regime and practical 34-41x speed-ups of gate-model
NISQ hardware. A current practical limit is defined by
the barren plateau transition at n =~ 22 qubits, but local
cost function designs allow functionality up to higher
energies. As quantum hardware scales keep increasing at
a rate faster than Moore’s Law in qubit count and gate
fidelity, the quantum advantage crossover in materials
property prediction is expected to hit the unconditional
regime in the fault-tolerant era with training sizes of
10,000 or more examples. Future directions of QML-
based error-resistant ionic conductor discovery,
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quantum-enhanced active learning guiding experimental
synthesis, and integrating these algorithms into open-
source materials informatics software like the AFLOW-
ML and matminer ecosystems are currently the focus of
research.
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    R 2   =   0 . 97
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  N   =   200
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